Cloud base height (CBH) is an important cloud macro parameter that plays a key role in global radiation balance and aviation flight. Building on a previous algorithm, CBH is estimated by combining measurements from CloudSat/CALIPSO and MODIS based on the International Satellite Cloud Climatology Project (ISCCP) cloud-type classification and a weighted distance algorithm. Additional constraints on cloud water path (CWP) and cloud top height (CTH) are introduced. The combined algorithm takes advantage of active and passive remote sensing to effectively estimate CBH in a wide-swath imagery where the cloud vertical structure details are known only along the curtain slice of the nonscanning active sensors. Comparisons between the estimated and observed CBHs show high correlation. The coefficient of association ( 2 ) is 0.8602 with separation distance between donor and recipient points in the range of 0 to 100 km and falls off to 0.5856 when the separation distance increases to the range of 401 to 600 km. Also, differences are mainly within 1 km when separation distance ranges from 0 km to 600 km. The CBH estimation method was applied to the 3D cloud structure of Tropical Cyclone Bill, and the method is further assessed by comparing CTH estimated by the algorithm with the MODIS CTH product.
Introduction
Clouds influence Earth's energy balance by reflecting incoming short-wave solar radiation and absorbing outgoing longwave thermal radiation [1] [2] [3] and comprise the main source of uncertainty in climate models [4] . As an acknowledgement of their inherent importance to forecast models and operational meteorology in general, Understanding Clouds was adopted as the theme of World Meteorological Day 2017 [5] . In particular, the cloud vertical structure (CVS) impacts the atmospheric circulation through determining the vertical gradient of radiative budget and latent heating [6, 7] and also represents a key parameter to the aviation community [8, 9] . Gaining better insight on CVS, including parameters such as the cloud top height (CTH), cloud base height (CBH), and the cloud layer thickness (CLT), under various environmental conditions is thus crucial to the research and operational communities alike. This paper focuses on satellite-based estimation of CBH of the topmost cloud layer, building upon a growing body of work that combines the strengths of passive and active sensors.
Many methods of retrieving CBH can be found in the literature. Surface-based sounding instruments such as ceilometers, millimeter-wavelength radar, radiosonde, and whole-sky infrared cloud-measuring systems provide good vertical resolution of CBH but for discrete location [10] [11] [12] [13] [14] [15] . CBH information over the ocean from the surface-based observations is inherently sparse [16] . Satellite remote sensing is well established as a valuable platform for observing cloud structure globally. Efon et al. [17] analyzed CVS during active and break spells of the West African Summer Monsoon from CloudSat-CALIPSO measurements. Hutchison et al. [18, 19] present a satellite-based method for CBH retrieval for the uppermost cloud layer, and the algorithm has been 2 Advances in Meteorology applied to CBH products of the Visible Infrared Imager Radiometer Suite (VIIRS). Fitch et al. [20] and Seaman et al. [21] evaluated the CBH retrieval performance, finding that VIIRS CBH retrieval does not meet the performance specifications defined by the Joint Polar Satellite System (JPSS). To address the issue, Noh et al. [22] propose an alternative CBH estimation method via a semiempirical method that relates CLT to the Cloud Water Path (CWP), with relationship between the two conditioned on CTH. The method has been demonstrated to meet specifications and has been implemented provisionally as part of NOAA's enterprise operational cloud product system.
Satellite-based active remote sensing (e.g., radar and lidar) can acquire accurate CVS information, but currently available systems provide only nadir-viewing, nonscanning (and hence, nonvolumetric) cross-sections (or "curtain slices") through the atmosphere. While passive remote sensing (e.g., scanning imaging radiometers) provides cloud top information over a relatively large spatial swath, the nature of passive observations presents inherent challenges for retrieving CLT and deriving CBH [20] [21] [22] . The National Aeronautics and Space Administration (NASA) A-Train satellite constellation has Aqua/MODIS, CloudSat/CPR, and CALIPSO/ CALIOP remote sensing instruments, providing the convenience of observing CBH with a combination of active and passive sensors [23] [24] [25] .
Forsythe et al. [15] estimate CBH for regional domains, combining with ground-based radar data and GOES satellite data. Their algorithm performs better when using cloud types as a constraint than when estimates are based simply on unconstrained interpolations. However, due to the limited coverage of ground-based radar systems, their technique is limited to low clouds, residing below about 3 km above the surface. Barker et al. [26] estimate CVS using a radiationsimilarity approach based on thermal infrared and visible channels to relate donor pixels (from the active sensor) to recipient pixels in the surrounding region. Sun et al. [25] proposed a spectral matching method based on the cloud top pressure constraint for further accurate estimation of CBH. Miller et al. [27] propose a cloud-type-dependent decorrelation-length and distance-weighting method to reduce CVS estimation error due to dramatic changes in CVS based on regional clouds of a similar type having similar morphological properties. Here, CloudSat-defined cloud categories: cirrus, altostratus, stratus, stratocumulus, cumulus, nimbostratus, and deep convection. As demonstrated by [27] , application of these relationships to observations which may not provide the same suite of cloud types requires remapping of cloud types, introducing a potentially large source of uncertainty.
With the objective of producing a wide range of CBH information, we examine the approach of Miller et al. [27] for CBH estimation using cloud-type classification of International Satellite Cloud Climatology Project (ISCCP). ISCCP was established in 1982 as the first project of the World Climate Research Program (WCRP) [28] and it is one of the most promising datasets in the global cloud climate research for parameter retrieval and climate analysis [29] . At present, the satellites used for generating ISCCP datasets include NOAA-17/18, METOP-1, FY-2E, GOES-13/15, MTSAT-2, and METEOSAT-7/8/9. The algorithm is proposed as a complement to existing methods in the satellite-based remote sensing of CBH. We assess the performance of this new CBH algorithm using A-Train data.
This paper is outlined as follows. Section 2 describes the data used here and ISCCP cloud-type definitions. Section 3 validates the feasibility of extending CBH based on ISCCP cloud type. Section 4 introduces the algorithm and the CBH estimation results are validated against CloudSat/CALIPSO in Section 5. Section 6 presents a 3D structure of a Tropical Cyclone and makes an assessment. Section 7 provides a conclusion and discussion.
Data and Method

CPR and CALIOP.
The Cloud Profile Radar (CPR) is a 94 GHz millimetric radar onboard CloudSat, its beam produces a profile footprint of about 1.7 km (along the track) × 1.4 km (across track), and profiles are reported every 1.1 km [30] . The CPR profiles have 125 vertical bins and each bin represents a distance of 240 m (oversampled from a 480 m range gate). The CPR can effectively penetrate optically thick clouds but tends to miss optically thin cloud whose reflectivity resides below the minimum sensitivity of about −30 dBZ. The cloud-aerosol lidar with orthogonal polarization (CALIOP) instrument onboard CALIPSO holds the advantage over the CPR in observing optically thin cloud for its short wavelength but comes at the expense of resolving the vertical profiles of most meteorological cloud systems [31] . 2B-CLDCLASS-LIDAR used in this paper is a combined CPR and CALIOP derived product that provides information on the number of cloud layers and CTH and CBH of each identified layer. Although CPR and CALIOP complement each other well, there are problems with CloudSat's ability to detect low clouds because of surface clutter [32] . To avoid surface contamination on cloud detection, following [33] , only the information at heights 750 m above the terrain altitude is considered. In addition, observations are inaccurate for the case of heavy precipitation due to strong signal attenuation. At such, only the profiles which are flagged as nonprecipitation are used.
MODIS.
The moderate-resolution imaging spectroradiometer (MODIS) sensors are carried onboard Terra and Aqua solar synchronous polar-orbiting satellites [34] . Aqua, CloudSat, and CALIPSO are members of the A-Train constellation, which fly in formation. The time interval between Aqua and CloudSat is only 1 min, and the mean separation time between CloudSat and CALIPSO is 15 s. The level 2 cloud production (MYD06, from Aqua) is used for combining observation. MYD06 provides cloud top pressure (CTP) and cloud optical thickness (COT) information with a horizontal resolution of 1 km for ISCCP cloud-type classification. In addition, the MODIS-retrieved CTP and cloud water path (CWP) are used simultaneously as a constraint for algorithm. clouds are considered as being in the ice phase [35] . Since surface-defined cloud types (e.g., cirrus and stratus) do not correspond uniquely to defined cloud-type name of COT-CTP space [36] , following [37] , we would rather name cloud types such as "HghThn" and "LowThk." Ranging vertically over low (1000 ⩽ CTP < 680 hPa, "Low"), middle (680 ⩽ CTP < 440 hPa, "Mid"), and high (440 ⩽ CTP < 50 hPa, "Hgh") and optically over thin (0 < COT < 3.6, "Thn"), moderate (3.6 ⩽ COT < 23, "Mod"), and thick (23 ⩽ COT < 379, "Thk"), the ISCCP-like cloud-type definitions are used in this paper for daytime shown in Figure 1 . Following these ISCCP-based definitions, we use CTP and COT information from MYD06 to produce an ISCCPlike cloud-type classification for MODIS imagery. An example of MODIS cloud classification is shown in Figure 2 . The overlaid black line indicates the location of the CloudSat ground track within the MODIS swath and hence the slice that provides relatively accurate cloud vertical profile information.
Validation of the Feasibility of Extending CBH Based on ISCCP Cloud Type
According to Miller et al. [27] , regional clouds of a similar type may be expected to have similar morphological properties with the domain over which this assumption holds being a function of the cloud type. Therefore, they argue that it should be possible to extend the cloud base information observed by the active observations (considered as "donor" pixels) to the surrounding passive observations ("recipient" pixels) which share the same cloud type, and details are in next section. Doing so provides cloud base information with relatively large cloud coverage. The feasibility of applying this approach to ISCCP cloud types should be validated before the algorithm is established. To evaluate whether CBH extending results based on ISCCP cloud-type-constrained outperforms simple nearestneighbor methods, experiments were carried out along the CloudSat/CALIPSO cross-section. We chose MODIS and CloudSat/CALIPSO matching data from March and June 2010 for experiments. To avoid uncertainty caused by variation of the underlying surface, only data over the Pacific Ocean were used in the experiments. Based on these matchups, the following comparison schemes were designed:
(1) Match CloudSat/CALIPSO and MODIS datasets in space and time. Because of different horizontal resolution, Wang et al. [37] find that over 75% of the CloudSat/CALIPSO and MODIS collocated pixels/footprints are separated within 0.5 km distance and over 93% are within 0.6 km. In order to carry out the most accurate comparison with the smallest spatial and temporal sampling biases, collocated pixels/footprints that are separated within 0.5 km distance are chosen.
(2) Classify the collocated pixels based on CTP and COT provided from MYD06, according to ISCCP cloudtype definitions in Figure 1 .
(3) Consider only data identified as single-layer cloud profile by MODIS and CBH of the collocated CloudSat/CALIPSO data. If one footprint is identified as a multilayer cloud by CloudSat/CALIPSO, the CBH of the uppermost layer is recorded as the validation value. Wang et al. [37] find that only 60% of the singlelayer clouds identified by MODIS are consistent with CloudSat/CALIPSO. MODIS has difficulties observing the properties of the underlying cloud in some cases of the existence of multilayer clouds. CloudSat/CALIPSO are active remote sensing satellites with vertical profiling. Therefore, it is considered that CBH of the uppermost layer from CloudSat/CALIPSO is to be recorded. (5) To evaluate the performance of the datasets (REFER, DIST, and TYPE) found in step (4), root mean square error (RMSE) statistics were used follows:
where and denote estimated and referenced CBH, respectively.
Following these steps, we can compare the performance of cloud-type-constrained and simple nearest-neighbor methods for estimating CBH. These CBH comparisons are presented as scatterplots of REFER versus DIST and REFER versus TYPE. We subdivided these results by screening distance between REFER and DIST/TYPE. Figure 3 shows scatterplots of REFER CBH observations versus DIST (a) and TYPE (b), using the matching data restricted from the above steps. Figure 3(a) shows the DIST plots and Figure 3(b) contains the TYPE results. 1, 2, 3, and 4 denote the screening distance of 10 km, 50 km, 100 km, and 200 km, respectively. In each plot, the 1 : 1 line and RMSE are given.
The value of RMSE represents the goodness of fit; the smaller the value, the better the fit. The results indicate that the TYPE method is superior to DIST, with RMSE value being relatively smaller at various donor point distances, especially when the distance exceeds 50 km. As expected from [27] , RMSE increases with distance, so weighted distance is used for the algorithm in next section.
(Constrained Maximum Donors)
Algorithm for CBH Estimation
Algorithm Description. From Section 3 and [27]
, we know that the performance of CBH estimation is related to cloud type and separation distance from reference points. At different distances, the standard deviation of the various types of CBH has different behaviors of variation. Following the example of [27] , Figure 4 presents the dependence of mean standard deviation of the various ISCCP types of CBH on range from the point of observation, which was obtained by making statistics of A-Train matching data from the first day of every month in 2010.
In this section, a CBH estimation method based on cloud type and weighted distance constraints is described. Miller et al. [27] introduce a "Maximum Donors" approach for this weighting. The main idea of "Maximum Donors" is to select all of the points (donors) along the CloudSat track that share the same cloud type with that of the recipient point, starting from the minimum exclusion distance out to a maximum allowed distance and combine the CBHs from these donors using distance-dependent weightings (shown in Figure 5 ). The current algorithm is an extension of Maximum Donors that includes an additional CTP and CWP simultaneous constraint, namely, Constrained Maximum Donors. Sun et al. [25] suggest that cloud parameters retrievable by passive radiometers may help express cloud geometric information and develop a spectral matching method based on CTP constraint for estimating CBH. Similarly, Li and Sun [24] select the most appropriate donor to a recipient for estimating CBH based on CWP and CTP. We follow these approaches in assuming that clouds of the same type might be expected to share similar CWP and CTP. The assumption is tied closely to the cloud type and we use CTP and CWP as controlling factors may offer further improvement to estimation of CBH in some cases.
Following [27] , a distance-weighting function is applied, based on the standard deviations computed for a given cloud type:
where is the geometric distance in kilometers from donor to the recipient location and ( ) is the standard deviation of CBH on estimating distance from curve fits (shown in Figure 4 ). Figure 5 shows a schematic of how the donor points are weighted in forming the final estimate. Again following [27] , the estimated CBH at the recipient point is formed by
where represents the number of donor points and ( ) is the measured CBH at donor point . The variable denotes the geometric distance between donor point and the recipient point. ( ) represents the weight of donor point , per (2). Our similarity constraint is introduced as follows:
wherê(donor) and̂(recipient) are MODIS-retrieved cloud characteristics (e.g., CWP and CTP) of recipient and donor, respectively, and is a constraint factor for allowing the maximum cloud characteristic differences between donor and recipient points. Sun et al. [25] consider the performance of CBH estimation for different values for , finding that = 0.3 provides the most suitable value for his algorithm. The choices of for Constrained Maximum Donors method will be discussed later.
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Discussion about the Constraint.
In order to evaluate the performance of (4) for CBH estimation and determine the most suitable for different constraints, experiments were carried out along the CloudSat/CALIPSO cross-section. Data from the second day of every month in 2010 were used in these experiments. Basically, an attempt was made to reconstruct CBH along the CloudSat/CALIPSO track by excluding the search for potential donors from a dataexclusion window in close proximity to the recipient. As such, the exclusion distance is equivalent to the smallest geometric distance between a recipient and the cross-sectional track. If fewer than three donor points were available within a given range, then no estimate was made for the recipient point. Root mean square error (RMSE) (shown in (1)) and mean deviation (MD) are used to evaluate performance of the different constraints. MD is defined as
where and denote estimated and observed CBH, respectively. Effects of the constraints on estimating CBH were evaluated by
where RMSE 0 and RMSE denote RMSE of estimated CBH without constraint and with constraint, respectively; MD 0 and MD denote MD of estimated CBH without constraint and with constraint, respectively. Meanwhile, the rate of Reduced Estimable Recipients (RER) is used and defined as
where (recipient 0 ) and (recipient ) denote the number of samples of effect estimable recipients without constraint and with constraint, respectively. Figure 6 shows variations of MD , RMSE , and RER , respectively, for CTP and CWP constraints as a function of exclusion distances (50, 100, 200, and 400 km) when = 0.3. These figures show that two constraints almost always have a positive effect on CBH estimation. In general, improvements for CBH estimation with a CWP constraint are more significant than with a CTP constraint, and the decrease of estimable recipients is larger for CWP constraint. Although the CTP constraint does not perform as well as the CWP constraint, it has an obvious improvement over no constraint at all. Hence, both CTP and CWP were utilized here as constraints.
In order to select the suitable for constraints, the performance of estimating CBH with CTP constraint for different values of was analyzed, shown in Figure 7 . As the exclusion distances increase, RER gradually increases. As expected, a stricter constraint results in fewer available recipients. Performances for = 0.1 exhibit the largest MD and RMSE , that is, best estimates (6), in estimating CBH when exclusion distances exceed 100 km. However, when distances are 50 km, it has the worst performance and imparts a negative effect on results. A stricter constraint results in better estimates, but too strict a constraint worsens estimation of CBH in some cases [25] . The aim of this research is to achieve CBH estimation with large coverage. As such, the principle objective of constraint is to get a larger MD and RMSE with relatively small RER . Here, when = 0.2, the CTP constraint always has a positive effect on CBH estimation and MD and RMSE are larger, comparing with = 0.3, = 0.4, and = 0.5. Meanwhile, its associated RER does not exceed 15%. Therefore, = 0.2 was selected for the CTP constraint. Similar to Figure 7 , the performance of estimating CBH with CWP constraint for different values of is shown in Figure 8 . Performances for = 0.1 and = 0.2 have larger MD and RMSE in estimating CBH when exclusion distances exceed 100 km but have a worse performance and negative effect when distances are 50 km. When = 0.3, MD and RMSE of the CWP constraint are positive at all distances and have a relatively high value. The corresponding RER does not exceed 35%. Therefore, = 0.3 was selected for the CWP constraint.
CBH Validation against CloudSat/CALIPSO
In order to quantify the algorithm's performance, 60 sets of CloudSat/CALIPSO and MODIS matching data from January to December in 2010 were selected. The CBH value of 2B-CLDCLASS-LIDAR was considered as true. We then proceed to search for donor points along the CloudSat track in the ranges of 0∼100 km, 101∼200 km, 201∼400 km, and 401∼600 km, respectively, using the algorithm described in Section 4.1 to estimate CBH. Similar to Section 4.2, if fewer than three donor points were available within a given range, then no estimate was made for the recipient point.
Scatterplots of the estimated and observed CBHs following this procedure are shown in Figure 9 . It can be seen that the scattered values of the estimated and observed CBHs are concentrated in the vicinity of the 1 : 1 line denoting good agreement. As the donor point distances increase, the scatter points are gradually broadened, but even so most points accumulate around the 1 : 1 line. The coefficient of association ( 2 ) is 0.8602 with separation distance between donor and recipient points in the range of 0 to 100 km and falls off to 0.5856 when the separation distance increases to the range of 401 to 600 km. Also, the bias of estimation is generally within ±0.1 km when separation distance is in the range of 0 to 600 km.
For this same analysis, the probability density of differences between the estimated and observed CBHs was also calculated as a function of the different ranges. These distributions are shown in Figure 10 . It can be seen that the absolute error is mainly within 1 km, and the probability density function is approximately a normal distribution. The frequency of absolute error within 1 km is more than 0.9 in the range of 0 to 100 km and falls off to 0.5 when the separation distance increases to the range of 401 to 600 km. Figure 11 shows the ISCCP cloud-type classification of TC Bill, which is obtained by using MODIS CTP and COT. It can be seen that the cloud tops associated with TC Bill are characterized mainly by HghThn, HghMod, and HghThk types. Figure 12 shows the MODIS COT grayscale image of TC Bill. (a) is CloudSat ground track. (b)∼(e) are selected scans away from the CloudSat track by 100 km, 200 km, 300 km, and 400 km, respectively. Figure 13 illustrates the cloud typing and measured CloudSat/CALIPSO cloud profile along the track, along with four predictions of cloud geometric boundaries for the uppermost layer for the uppermost layer for arbitrary crosssections through TC Bill. Here, MODIS-derived CTH constrains cloud top, and the CBH is derived by the algorithm. Every profile is colored according to the ISCCP cloud type identified at cloud top. The horizontal scale of the entire cyclone is on the order of thousands of kilometers, while the vertical scale is on the order of 10 kilometers (characteristic depth of the troposphere).
Case Study
Comparison with MODIS CTH Products.
Because there is no reliable way to observe the full 3D cloud structure of a tropical storm, the estimates shown in Figure 13 cannot be validated directly. However, the reconstructed 3D cloud structure of TC Bill can be compared directly against the MODIS CTH product. CTH is an important cloud macrophysical parameter available from MODIS [38] . Here, we assess the performance of the algorithm by comparing CTH retrieved by the Constrained Maximum Donors estimate (applied to CTH instead of CBH) with MODIS CTH product. Differences between the CTH retrievals of MODIS and CloudSat/CALIPSO are shown in Figure 14 . Figure 14 shows that MODIS and CloudSat/CALIPSO are generally consistent with one another with some isolated outlier regions (11 ∘ N∼12 ∘ N, 14 ∘ N∼17 ∘ N, 18 ∘ N∼20 ∘ N, and 22 ∘ N∼ 25 ∘ N). The comparison further reaffirms the findings of previous studies [39] [40] [41] that there exist biases between the active and passive CTH retrievals. Namely, active sensor CTH values tend to be higher than those of passive retrievals. This is because passive sensors detect an effective CTH that corresponds to an integrated optical depth of about unity [42], which for many cirrus cloud types occurs a considerable (>1 km) distance below the geometric cloud top owing to characteristically small ice water paths. For the pixels of CTH greater than 10 km in the current example, these differences were found to be about 1 km, and the maximum differences are no more than 3 km. MODIS's CTH results are shown in Figure 15(a) . CTH values estimated using the Constrained Maximum Donors algorithm described in Section 4 (replacing CBH with CTH as the "donor" information) are shown in Figure 15(b) . The results show that the reconstructed CTH field is similar to those of MODIS. The retrieved CTH results are in Figure 15(b) . Since the donor pixels in Figure 15 (b) come from CloudSat/CALIPSO, the retrieval CTHs in Figure 15 (b) are mostly higher than that in Figure 15 
Conclusions and Discussion
Combining CloudSat/CPR and CALIPSO/CALIOP with Aqua/MODIS active and passive sensors, CBH estimation algorithm based on ISCCP cloud-type classification and weighted distance is demonstrated. Following Miller et al. [27] , the essence of this algorithm is the matching of the same cloud-type donor points (whose CVS were obtained from active sensor data) with recipient points within passive sensor field of view. The weighted average of all donor CBH values is calculated and CTP and CWP constraints following Sun et al. [25] are introduced to ensure the credibility of the data. Combining active and passive sensors, we can effectively estimate CBH in a wide-swath imagery where CVSs are available only along the narrow active sensor cross-section, or at discrete locations within the swath as might be available from aircraft tracks or from point observations at the surface.
The ISCCP cloud classification is generally applicable to most contemporary satellite imaging radiometers and thus offers the continuity of the best, longest time series of satellite data products [29] . By using ISCCP cloud types, CBH can be derived globally. And it is also suitable for other satellite remote sensors' CBH estimation if they can provide parameters of CTP, COT, and CWP.
The algorithm is validated by using A-Train matching datasets from January to December in 2010. The probability density function of differences between the estimated and observed CBHs is approximately normal distribution, and the absolute error is mainly within 1 km (growing as a function of range between donor and recipient points). The 3D structure of tropical storm Bill was reconstructed and the results were validated by comparing CTH of reconstruction with MODIS CTH product. The results from these two ways have a good consistency in CTH distribution range but reconstructed CTHs are mostly higher than that of MODIS for higher CTH of donor points.
Although CBH can be estimated within a certain error range, only single-layer clouds identified by MODIS were considered in this paper. There are some inherent difficulties in CBH estimation for multilayer clouds, and the technique should be used with caution with multilayered cloud systems which are suspected (either via multispectral detection techniques or as inferred from numerical weather prediction fields). In addition, estimated CBH results would be inaccurate for strong signal attenuation in the case of heavy precipitation. In future work, we will consider passive microwave data, which can help to identify multilayer cloud and observe precipitating cloud systems, so as to improve the general utility and accuracy of these important CBH estimates.
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